Dietary patterns derived by cluster analysis are commonly reported with little information describing how decisions are made at each step of the analytical process. Using food frequency questionnaire data obtained in 2001-2007 on Albertan men (n ¼ 6,445) and women (n ¼ 10,299) aged 35-69 years, the authors explored the use of statistical approaches to diminish the subjectivity inherent in cluster analysis. Reproducibility of cluster solutions, defined as agreement between 2 cluster assignments, by 3 clustering methods (Ward's minimum variance, flexible beta, K means) was evaluated. Ratios of between-versus within-cluster variances were examined, and healthrelated variables across clusters in the final solution were described. K means produced cluster solutions with the highest reproducibility. For men, 4 clusters were chosen on the basis of ratios of between-versus within-cluster variances, but for women, 3 clusters were chosen on the basis of interpretability of cluster labels and descriptive statistics. In comparison with those in other clusters, men and women in the ''healthy'' clusters by greater proportions reported normal body mass index, smaller waist circumference, and lower energy intakes. The authors' approach appeared helpful when choosing the clustering method for both sexes and the optimal number of clusters for men, but additional analyses are required to understand why it performed differently for women. cluster analysis; diet; nutrition assessment Abbreviations: DHQ, Diet History Questionnaire; ESS, error sum of squares; HLQ, Health and Lifestyle Questionnaire; SD, standard deviation; TEI, total energy intake.
In nutritional epidemiology, the relations between diet and chronic disease risk traditionally have been explored by using a single-nutrient approach. However, as this approach does not consider the multidimensional and multicollinear nature of diet, analyzing dietary patterns is becoming a more common practice (1) (2) (3) (4) (5) (6) (7) (8) .
Dietary patterns may be derived by using techniques such as factor analysis or cluster analysis (7) (8) (9) (10) , and the choice of approach depends largely on the research question at hand (11) . For example, cluster analysis may be useful for identifying mutually exclusive groups of people who differ according to their reported diet (11) (12) (13) and, as such, may help to identify population subgroups for targeted intervention or those at greater risk for developing specific cancers (14) or other chronic diseases.
One major challenge in using cluster analysis in nutritional epidemiology is that it is a data-driven approach involving many subjective decisions. These include, but are not limited to, the choices of clustering method and the optimal number of clusters (4) .
In this study, we aimed to explore the extent to which statistical approaches could be used to diminish some of the subjectivity involved in undertaking cluster analysis in a large dietary data set. We also explored differences in educational attainment, anthropometric characteristics, physical activity levels and daily intakes of energy, selected nutrients, and food groups reported across the dietary patterns derived by using these approaches.
MATERIALS AND METHODS

Study population
The Tomorrow Project was launched in 2000 to determine the feasibility in Alberta, Canada, of establishing a longitudinal cohort to study the etiology of cancer and other chronic diseases (15) . Albertans aged 35-69 years, able to complete written questionnaires in English, and with no personal history of cancer other than nonmelanoma skin cancer were recruited to the Tomorrow Project by using a 2-stage random sampling design. The first stage used a telephone random digit dial procedure to select households, and the second stage identified 1 eligible adult within each household. In the first of 7 recruitment waves, attempts were made to recruit 2 eligible adults from each household. However, because of minimal impact on response rates, this approach was discontinued. Each eligible adult received a consent form and a self-administered Health and Lifestyle Questionnaire (HLQ) (15) by mail. Participants returning a signed consent form and a complete HLQ were enrolled in the study. Within 3 months, enrollees received 2 additional self-administered questionnaires assessing their past year dietary habits and physical activity. Of the 60,327 individuals recruited between 2000 and 2007, 18,172 (30.1%) enrollees had complete data available for analysis by November 2007. Ethical approval for baseline data collection in the Tomorrow Project was obtained from the research ethics committees of the Alberta Cancer Board (now the Alberta Cancer Research Ethics Committee at Alberta Health Services) and the University of Calgary, Calgary, Alberta, Canada.
Dietary intake
Past year dietary intake was assessed by using the US National Cancer Institute's Diet History Questionnaire (DHQ), a food frequency questionnaire modified for Canada (16, 17) . DHQ data were analyzed by using Diet 3 Calc, version 1.4.2 (Canadian version), software (16, 17) to estimate each person's mean daily intakes of energy, nutrients, and foods.
On the basis of similarities in macronutrient composition and culinary use, 284 single food items queried on the past year DHQ were assigned to 55 food groups (Web Table 1 , which is available on the Journal's Web site (http:// aje.oxfordjournals.org/)). The percentage of daily total energy intake (TEI) contributed by each of the 55 food groups was calculated by dividing the daily energy intake provided by each food group by the daily TEI.
Demographic, anthropometric, and physical activity variables
Age, educational attainment, height, body weight, and waist circumference were assessed by HLQ. Body mass index was categorized by using Canadian criteria (18) , and waist circumference was dichotomized by using a cutoff of 102 cm for men and 88 cm for women (18) . Recreational physical activity was assessed by using a validated Past Year Total Physical Activity Questionnaire (19) . The total number of hours per week spent performing recreational physical activities at vigorous (>6 metabolic equivalents) and moderate (3-6 metabolic equivalents) intensity was estimated (20, 21) . All questionnaires are available on request to tomorrow@albertahealthservices.ca.
Statistical analysis
Cluster analyses were performed separately for men and women by using the percentage of daily TEI contributed by the 55 food groups as input variables. Before computing the Euclidean distance proximity measures, input variables were standardized by subtracting their minimum from their value and then dividing by their range. This standardization method has been reported to give consistently better recovery of cluster structure in different error conditions, separation distances, clustering methods, and coverage levels when compared with other standardization methods, such as z scores (22) .
Cluster analysis partitions the data set into clusters (or groups) so that observations in the same cluster are close to each other and far apart from the observations in the other clusters. In hierarchical clustering, the closest clusters are merged together and nested within earlier merged clusters. Agglomerative hierarchical clustering starts with each observation's being its own cluster and is successively merged into larger clusters. Optimization clustering partitions the data set into a number of clusters by minimizing a specified error criterion. In this study, we applied 3 different clustering methods: Ward's minimum variance (agglomerative hierarchical) and K means (optimization), as these were the most commonly reported methods in nutritional epidemiology, and flexible beta (agglomerative hierarchical), because it had shown stable and robust performance in simulation studies (23).
Ward's minimum variance. The Ward's method uses analysis of variance at each merging step, considering all possible pairs of clusters and retaining the one with the smallest increase in the error sum of squares (ESS) (24) . In this method, the distance, D AB , between 2 clusters, C A and C B , is defined as follows:
where ESS AB , ESS A , and ESS B are the error sums of squares for the merged cluster of C A with C B , cluster C A , and cluster C B , respectively; x A and x B are the mean vectors of clusters C A and C B , respectively; n A and n B are the numbers of observations in clusters C A and C B , respectively; and k.k is the Euclidean distance.
Flexible beta. Assuming that the distance between clusters C B and C C is the smallest of all distances, the flexiblebeta method starts by merging them to form cluster C D (25) .
A user-specified parameter b is then used to calculate the distance, D AD , between cluster C A and C D , which is defined as follows:
where À1 b 0. The process is repeated until all clusters belong to 1 single cluster. In this paper, values for parameter b were chosen as À0.25 and À0.50, as recommended by Milligan (23) .
K means. The K-means method starts by selecting k initial cluster seeds and subsequently assigns each observation to the nearest seed on the basis of Euclidean distance, forming temporary clusters. Seeds are then replaced by the centroid of each temporary cluster, where ''centroid'' refers to the mean observation of a cluster. Each observation is reassigned to the nearest centroid, updating the location of the centroids. The process is repeated until centroids do not significantly change location.
Choice of the clustering method. Applying the 3 clustering methods with the number of clusters varying from 2 to 7, the reproducibility of a cluster solution was evaluated separately for men and women, by using a split-half crossvalidation approach as follows. b Kappa statistic is a measure of interrater agreement and is used in this study as a measure of agreement between cluster assignments. Kappa statistic generally ranges between 0 and 1, although its lower bound can be negative if the observed probability of agreement is less than the expected one. Complete agreement is encountered when the Kappa statistic equals 1; therefore, it should be maximized. Separately for men and women, average values over 20 repetitions for Hubert and Arabie's adjusted Rand index and kappa and Cramer's V statistics were calculated and examined to assess the reproducibility of cluster solutions. The optimal clustering method was chosen as the one with the highest reproducibility.
Choice of the number of clusters. With the number of clusters varying from 2 to 7, we applied the optimal clustering method to the total sample of men and that of women separately. For each cluster solution with a given number of clusters, we calculated the between-and within-cluster variances for each food group. For a particular cluster solution with K clusters, the between-cluster variance for food group j was defined as follows:
where x ij was the centroid of cluster C i for the food group j, and x j was the average of all centroids for the food group j. The corresponding within-cluster variance was defined as follows:
where s ij was the estimate of the standard deviation of food group j, based on n i observations in cluster C i .
For each cluster solution and each food group, we calculated the natural log-transformed ratios of between-versus within-cluster variances, in order to measure the heterogeneity that exists between clusters, in comparison with the heterogeneity within clusters. The further apart the clusters, the larger the ratio; therefore, the optimal number of clusters was given by the cluster solution that has many food groups with large ratios.
Cluster labels were then applied on the basis of the food groups that contributed the most to daily TEI, which were determined by using analyses of variance to test for significant mean differences between clusters for each food group.
For descriptive purposes, age-adjusted proportions or means of educational attainment, anthropometric characteristics, recreational physical activity levels and daily intakes of energy, selected nutrients, and foods were then estimated for each cluster.
As cluster analysis is sensitive to outliers (29), we checked for potential outliers prior to starting analysis. Separately for men and women, we applied the 3 clustering methods with a predefined number of 100 clusters and removed observations in clusters with less than 10 members (30) . As removal of outliers had little effect (data not shown), all analyses were undertaken on the complete data set.
All analyses were undertaken by using PROC CLUSTER (Ward's and flexible-beta) and PROC FASTCLUS (Kmeans) procedures available in SAS/STAT software, version 9.1.3 of the SAS System for Linux (SAS Institute, Inc., Cary, North Carolina), the SAS macro to calculate Hubert and Arabie's adjusted Rand index (31) , and the graph box command available in STATA, release 11, statistical software (StataCorp LP, College Station, Texas).
RESULTS
Participants who 1) were of ineligible age (n ¼ 27), 2) were pregnant (n ¼ 34), 3) had reported an implausible Figure 1 . Side-by-side boxplot of the natural log-transformed ratios of between-versus within-cluster variances for the 55 food groups and with a varied number of clusters obtained from applying the K-means method for a sample of men (left) (n ¼ 6,445) and women (right) (n ¼ 10,299) in the Tomorrow Project, Alberta, Canada, 2001 Canada, -2007 . Ratios of between-versus within-cluster variances measure the heterogeneity that exists across clusters, in comparison with the heterogeneity within clusters. As the more dissimilar the clusters, the larger the ratio, the optimal number of clusters would be the cluster solution that has many food groups with large ratios. . Differences between dietary pattern groups were compared separately for men and women at a 5% significance level by using analyses of variance with the Tukey-Kramer multiple comparisons procedure.
b Data are not shown for food groups with a mean percentage contribution to daily total energy intake of less than 1% for both sexes. a Differences between dietary pattern groups were compared separately for men and women at a 5% significance level by using analyses of variance with the Tukey-Kramer multiple comparisons procedure for continuous variables and Poisson log-linear models with the Bonferroni correction for categorical variables.
b Total time (hours/week) spent performing recreational physical activities at intensities between 3 and 6 metabolic equivalent tasks. c Total time (hours/week) spent performing recreational physical activities at intensities greater than 6 metabolic equivalent tasks. . Differences between dietary pattern groups were compared separately for men and women at a 5% significance level by using analyses of variance with the Tukey-Kramer multiple comparisons procedure.
mean TEI (32) (women: <600 kcal/day or >3,500 kcal/day; men: <800 kcal/day or >4,200 kcal/day) (n ¼ 720), 4) were recruited as ''second in household'' (to avoid within-household dependence) (n ¼ 332), 5) had a confirmed history of cancer prior to enrolment (n ¼ 202), or 6) were underweight (body mass index, <18.5 kg/m 2 ) (n ¼ 113) were excluded, resulting in a final sample of 6,445 men and 10,299 women. At the time of completing the HLQ, the mean age for men and women was 50.5 (standard deviation (SD) ¼ 9.1 for men, SD ¼ 9.2 for women) years, while the mean body mass index was 28.0 (SD ¼ 4.3) kg/m 2 for men and 27.3 (SD ¼ 5.8) kg/m 2 for women. Table 1 presents average values over 20 repetitions for men and women for Hubert and Arabie's adjusted Rand index and kappa and Cramer's V statistics obtained from applying the split-half cross-validation approach with the 3 clustering methods and different numbers of clusters. For men, as the number of clusters increased, the agreement and association between cluster assignments decreased when the K-means and Ward's methods were applied. A similar pattern was observed for women with the K-means method. Agreement and association between cluster assignments remained low when applying the flexible-beta method with b ¼ À0.25 and b ¼ À0.50. Compared with the other 2 clustering methods, the K-means method had the highest reproducibility of the cluster solutions for men and women and with all different numbers of clusters and, thus, was chosen as the most appropriate of the 3 clustering methods to use with this data set. Figure 1 presents side-by-side boxplots of the natural logtransformed ratios of between-versus within-cluster variances for the 55 food groups and for different numbers of clusters obtained from applying the K-means method. In men, the median log-ratio value jumped from À3.45 to À3.03 between the 3-cluster and 4-cluster solutions, suggesting that the optimal number of clusters for men was 4. On the other hand, in women, the median log-ratio values varied little across different numbers of clusters, suggesting no clear choice for the number of clusters based on this criterion.
For men, the 4-cluster solution, identified above with the aid of the between-versus within-cluster variance ratios, resulted in the creation of groups labeled as ''dairy and sweets,'' ''Western,'' ''healthy,'' and ''wholemeal bread and jam.'' For women, the 3-cluster solution labeled as ''Western and sweets,'' ''healthy,'' and ''low fat dairy and breakfast cereal'' was chosen as the final solution because major food groups that identified those 3 clusters were found in all cluster solutions (data not shown).
The values for mean and standard deviation for men and women for the percentage contribution of selected food groups to daily TEI across clusters are presented in Table 2 . For men and women, relative to other clusters, the healthy cluster was characterized by higher energy contributions from healthy foods, including fruits (9.9% and 12.5% in men and women, respectively), poultry (no skin), vegetables (cooked, raw, tomatoes, cabbage, or legumes) (5.7% and 7.2% in men and women, respectively), and fish, and lower energy contributions from meat (processed or not) (7.8% and 6.4% in men and women, respectively), sweets (6.2% and 6.4% in men and women, respectively), soda (regular), other bread, French fries, butter, margarine, or mayonnaise.
Relative to other clusters in men, those in the dairy and sweets cluster reported higher energy contributions from pasta/pizza, soda (regular), or chips, as well as from low fat dairy (7.2%) and sweets (11%). Finally, the wholemeal bread and jam cluster in men was associated with higher energy contributions from wholemeal bread (10.7%), jam (5.4%), cooked potatoes, margarine, or mayonnaise, compared with the other patterns in men. Table 3 presents age-adjusted proportions or means of educational attainment and anthropometric and physical activity variables estimated across the clusters derived for men and women. Men in the dairy and sweets cluster were younger than men in other clusters. For both sexes, in comparison with other clusters, the healthy cluster had greater proportions of people with a normal body mass index, smaller waist circumference, and higher educational attainment and physical activity levels, as opposed to men in the Western and women in the Western and sweets clusters. Furthermore, greater proportions of men in the dairy-and-sweets and wholemeal-bread-and-jam clusters had a smaller waist circumference than those in the Western cluster but were less physically active than those in the healthy cluster. Table 4 presents means and standard deviations of daily TEI and nutrient intakes estimated in the clusters of men and women. For both sexes, in comparison with other clusters, healthy cluster participants reported lower energy intakes, lower percentage of TEI from total and saturated fat, a higher percentage of TEI from carbohydrate, and higher mean daily intakes of folate, total dietary fiber, and servings per day of fruits and vegetables. Not unexpectedly, the mean daily vitamin D intakes were highest in the clusters associated with dairy foods (dairy and sweets cluster in men; low fat dairy and breakfast cereal cluster in women).
DISCUSSION
One of the major subjective decisions in using cluster analysis to derive dietary patterns is choice of method (29) . We used the split-half cross-validation approach to explore the performance of 3 different clustering methods that were readily available in commercial software packages. Compared with Ward's and flexible beta, K means appeared to be optimal, as that method exhibited the highest reproducibility for both sexes. Examination of the ratios of between-versus within-cluster variances for different cluster solutions suggested that the 4-cluster solution was likely to be optimal for men. However, for women, the lack of variation in between-versus within-cluster variances across the 2-7 clusters provided little insight into how to choose the optimal solution. Therefore, the 3-cluster solution chosen for women was based on a subjective evaluation of the descriptive statistics and cluster labels applied to each of the cluster solutions.
The healthy, Western, and Western and sweets clusters that we identified are broadly similar to the 2 predominant ''prudent'' or ''healthy'' and ''Western'' patterns that have been described extensively in different populations (8) . The finding of the low fat dairy and breakfast cereal cluster in women is interesting as a separate cluster from healthy, given that these food groups are generally associated with a healthy diet (13, (33) (34) (35) (36) . In men, the wholemeal bread and jam cluster resembles a ''bread with spread'' type of diet that has been described as ''traditional Irish'' when food intake was assessed by using 7-day dietary records (11) or as ''fiber bread'' when a combination of 7-day menu book and 168-item questionnaire was used (13) . Although a ''sweets'' cluster has been identified in populations of age comparable to that of our sample (33, (37) (38) (39) (40) (41) , a ''dairy and sweets'' cluster in men has not been reported widely.
Differences in reported educational attainment, anthropometric characteristics, physical activity levels, and daily intakes of energy and selected nutrients observed among the clusters derived by using K means appeared to support the final solutions. For example, similar to those in earlier studies (11, 12, 14, 33, 37) , men and women in the healthy clusters reported the lowest energy intakes, the lowest percentages of energy from total and saturated fat, the highest percentage of energy from carbohydrate, higher mean daily intakes of folate, total dietary fiber, and servings of fruits and vegetables, as well as higher educational attainment, smaller waist circumference, and more physical activity. Furthermore, greater proportions of men and women in the healthy clusters, compared with other clusters, were of normal body mass index. This observation supports some earlier cross-sectional (33) and prospective (38) studies, but it contradicts baseline data analyzed in other prospective studies (12, 13, 37, 40) , as well as the findings of a critical review (10) .
Direct comparisons with other studies must be done carefully, however, because of methodological differences such as study design, study population, dietary assessment methods, or statistical methods. It should also be noted that, although we chose to explore the use of statistical approaches to help diminish some of the subjectivity involved in the process of cluster analysis, there were several steps during the analytical process where decisions had to be made on the basis of expertise and experience. For example, we chose to create 55 food groups from the original 284 single food items listed on the DHQ. Others have chosen smaller (11-13, 35, 37, 39, 40) or larger (14, 30, 33, 38) numbers of food groups. To date, the nutritional epidemiology literature has provided little guidance on how, or even if, food items should be grouped. McCann et al. (42) explored the impact of changing numbers of food groups in a principal component analysis but, to the best of our knowledge, the same type of exploration has not been reported for cluster analysis with more than 2 clusters.
The input variable also required careful consideration. Although not without limitations, we used percentage of daily TEI contributed by each of the food groups as the variable most likely to generally represent foods with substantial impact on food intake, in our opinion. Others have used weights of foods (11, 12) or number of daily servings of foods (43) , and it has been demonstrated that choice of input variable can influence the final cluster solution (43) . There is also some debate concerning the need to standardize the input variables (13) , and further work needs to be done to elucidate the extent to which standardization may influence the final cluster solution in any given data set. Because of the complexities inherent in food composition, one method of standardization may not meet the needs of all studies or adequately address all research interests.
Despite the fact that our analyses produced cluster solutions that seemed reasonable in the context of earlier studies, our study also raised several issues that deserve further attention. First, we evaluated 3 clustering methods that were readily accessible in commercial software packages. Although the K-means method produced cluster solutions in our data set that were more reproducible than the other 2 methods, it should be noted that the values for reproducibility obtained by using Hubert and Arabie's adjusted Rand and kappa and Cramer's V indices were only fair to moderate. Given the complexity of dietary data, combined with the fact that the K-means method has several limitations including the need to prespecify the number of clusters to retain, its sensitivity to initial cluster seeds (44) , and challenges posed by the existence of clusters of different sizes or shapes, or those that may be nonspherical or occur across several subspaces (45) , this observation is perhaps not surprising. Because Ward's method considers means and variances (analysis of variance) without any distance matrix, it could perform poorly for nonspherical clusters (46) where items have complex interactions or correlations. This may explain the higher reproducibility of K means over Ward's method with our data: Nutritional data have complex structures based on complex biology and behaviors, leading to nonspherical clusters that tend to be poorly identified by Ward's method. It is more difficult to understand the relatively poor performance of the flexible-beta method, because of the lack of published papers that have investigated the strengths and weaknesses of this method when applied to dietary data. Thus, even though the K-means method is used extensively as a clustering technique in nutritional epidemiology, and it appeared to perform better than the other 2 approaches in our data set, it is highly likely that more appropriate data reduction techniques exist.
Second, it should be noted that reproducibility of cluster solutions does not guarantee validity. In the bioinformatics world, much attention has been paid to developing approaches to evaluate the quality of clusters that are derived by using various reduction techniques applied to gene expression data (47) . To the best of our knowledge, such an approach has not yet been applied to dietary data.
Third, our observation that examination of the betweenversus within-cluster variances appeared helpful in guiding the final cluster solution for men, but not for women, is intriguing. Previous analyses of DHQ data obtained in the US National Institutes of Health (NIH)-AARP Diet and Health Study have demonstrated that clusters derived for men could be used to understand dietary behaviors associated with different risks of developing colorectal cancer (14, 30) . However, in the same cohort, clusters derived for women were less informative, leading the authors of that study to speculate that women's diets are more heterogeneous than men's, that women are more likely than men to misreport food intake, or that women complete the DHQ differently than men (14) . However, it is clear that more work is required to explore why clusters derived from DHQ data appear to be effective for men but not for women.
Our attempt to describe the use of statistical approaches to diminish some of the subjectivity inherent in cluster analysis to derive dietary patterns was helpful to some extent, but many questions remain to be answered. Continued efforts to explore and validate methods to reflect the complexity and biological relevance of dietary patterns are needed.
